[1] We present new empirical and mechanistic models for predicting the export of organic carbon out of the surface ocean by sinking particles. To calibrate these models, we have compiled a synthesis of field observations related to ecosystem size structure, primary production and particle export from around the globe. The empirical model captures 61% of the observed variance in the ratio of particle export to primary production (the pe ratio) using sea-surface temperature and chlorophyll concentrations (or primary productivity) as predictor variables. To describe the mechanisms responsible for pe-ratio variability, we present size-based formulations of phytoplankton grazing and sinking particle export, combining them into an alternative, mechanistic model. The formulation of grazing dynamics, using simple power laws as closure terms for small and large phytoplankton, reproduces 74% of the observed variability in phytoplankton community composition wherein large phytoplankton augment small ones as production increases. The formulation for sinking particle export partitions a temperature-dependent fraction of small and large phytoplankton grazing into sinking detritus. The mechanistic model also captures 61% of the observed variance in pe ratio, with large phytoplankton in high biomass and relatively cold regions leading to more efficient export. In this model, variability in primary productivity results in a biomass-modulated switch between small and large phytoplankton pathways.
Introduction
[2] Understanding the sensitivity and adaptability of ecosystems to environmental change requires the development of models of oceanic ecosystems that are simple enough to be embedded in large-scale general circulation models, yet are robust and representative enough to be applied over the entire globe. In order for these models to be viable, they must be able to reproduce large-scale biogeochemical processes in robust ways with a minimum of complexity. A particularly important quantity in this respect is the ratio between the export of rapidly sinking particulate matter (particle export) and the total production of organic matter by photosynthesis (primary production), the pe ratio. While there is a considerable literature on the estimation of primary production, both in situ and from space (through chlorophyll-based algorithms), far less is understood about the connection between primary production and particle export, though a diversity of approaches to link primary production to the cycling of carbon have been pursued.
[3] In one such approach [Dugdale and Goering, 1967] , the portion of primary production driven by externally supplied nutrients (''new'' production) is distinguished from that fueled by ''regenerated'' nutrients; the resulting ratio of ''new'' production to total primary production is defined as the ''f ratio.'' Assuming a steady state nutrient budget for the euphotic zone with constant elemental stoichiometry of organic material and an absence of nitrate regeneration in the euphotic zone, ''new'' production can be equated with export production. Eppley and Peterson [1979] synthesized a large number of measurements of the f ratio and found a strong dependence on primary production. They proposed a generalization in which waters with low levels of primary production have low f ratios, while waters with high levels of production have much higher f ratios, saturating at 0.5.
[4] Subsequent studies attempted to improve on this parameterization by approaching the problem from the export side using sediment trap data. Suess [1980] demonstrated that the sinking particle flux could be estimated as a function of primary production and depth. Subsequent studies such as those of Betzer et al. [1984] , Pace et al. [1987] and Wassman [1990] further investigated this relationship. Bishop [1989] used a broad synthesis to compare these approaches, demonstrating that while particle flux attenuation with depth beneath the euphotic zone was fairly well constrained by the sinking particle flux out of the euphotic zone, the link to primary production was much more uncertain.
[5] Improvement of the f ratio based approaches also continued, taking particular advantage of the advent of trace-metal clean techniques for measuring primary production. Platt and Harrison [1985] developed an exponential saturation of the f ratio as a function of nitrate concentration (i.e., 1 À e Àk NO3À ) that applied to conditions of very low ammonium concentration (<0.1 mM NH 4 + ). Harrison et al. [1987] expanded this nutrient-based approach; by assuming that the uptake rate constants of nitrate and ammonium were equivalent, they arrived at a form for the f ratio of NO 3 À / (NH 4 + NO 3 À ). The role of ammonium was further explored and confirmed in the multiple linear regression work of Aufdenkampe et al. [2001] . Baines et al. [1994] developed an algorithm to predict particle export directly from phytoplankton biomass alone. Tremblay et al. [1997] found a linear relationship between the f ratio and the fraction of large phytoplankton through an analysis of size-fractionated (>5 mm) biomass and primary production measurements.
[6] Ecosystem modeling studies have attempted to simulate variability in the f ratio and pe ratio mechanistically in terms of phytoplankton-zooplankton interactions [Aksnes and Wassmann, 1993] and within phytoplankton models that include size-dependence [e.g., Legendre and Rassoulzadegan, 1996; Legendre, 1998 ]. One class of such models (exemplified by the classic work of Fasham et al. [1990] ) involves phytoplankton, zooplankton, detritus, bacteria, dissolved organic matter and two inorganic (nitrate and ammonium) species. Laws et al. [2000] were able to take a major step forward in elucidating the link between primary production and particle export. Rather than using a fully dynamical ecosystem model to predict export, they chose the more limited objective of constructing a steady state transfer function between primary productivity and export production. Their model predicts an abrupt switching between high and low pe-ratio pathways of conversion to sinking particles; under such conditions, high f ratios are never achieved at high temperatures.
[7] In this communication, we build upon previous efforts to determine the relationship between primary production and the sinking flux of particles. We first synthesize field observations related to ecosystem size structure, primary production and particle export from around the globe. Second, we perform an empirical, statistical assessment of this global data compilation to develop an empirical algorithm for the pe ratio for global application. This exercise uses a wide range of predictor variables in multiple combinations, both to assess what are the most important variables and to assess the level of prediction (explained variance) that could be expected from a model. Third, we utilize the same global data compilation to calibrate a mechanistic model of ecosystem dynamics based on grazing control of phytoplankton community size structure. We do this by distinguishing ''small'' phytoplankton (e.g., Prochlorococcus, Synechococcus, and a portion of the picoeukaryotes community) that constitute a fraction that forms the base of the microbial loop from ''large'' phytoplankton species (e.g., diatoms) that are much more predisposed to sinking through a variety of mechanisms. In this model, zooplankton grazing pressure is treated implicitly to keep pace with small phytoplankton production while not keeping pace with large phytoplankton production. We then describe a means of modeling the pe ratio as a function of the relative abundances and productivities of ''small'' and ''large'' phytoplankton and demonstrate the broad robustness of the resulting algorithm. Finally, we discuss the implications for this work for our understanding of the underlying controls on particle export and the limitations of this approach.
Data Synthesis
[8] We compiled available field observations of primary production and particle export from approximately 40 oceanographic studies, which we have divided into 122 independent observations of ecosystem state. In order to maximize global coverage, we include data from estimates of ''new'' (NO 3 -based) production, nutrient, oxygen or carbon based estimates of export production, and particle export estimates based on sinking flux from sediment traps and/or 234 Th. In cases where sampling was performed intensively at a single location rather than at geographically and temporally random sites, we grouped ecologically similar conditions in order to preserve the natural variability in the observations without excessively weighting individual locations. In order to combine data taken using different methods, it was necessary to either explicitly account for temporal variability or to assume a ''steady state,'' defined for our purposes as a condition wherein the change in phytoplankton biomass over time is small relative to primary production. In studies in which nonsteady state conditions were documented, we have treated this biomass accumulation (or depletion) term as export production. This choice was made in order to maximize the compatibility of f-ratio-based and pe-ratio-based estimates. Elsewhere, we assumed by necessity that the ''steady state'' condition is satisfied.
[9] The recorded parameters included mixed layer temperature, depth-integrated chlorophyll, depth-integrated primary production, new production, particle export, depth of the euphotic zone (minimum of the 1% light level or sampling zone), and the carbon-to-chlorophyll ratio (auxiliary material 1 data set text01). The data coverage of our particle export ratio compilation (auxiliary material data set text01) is presented in Figure 1 . In general, pe ratios in our data compilation (Figure 1 ; auxiliary material data set text01) are high (>0.4) in the polar regions, moderate (0.3 -0.4) in coastal and those open ocean regions susceptible to phytoplankton blooms, and low (0.05 -0.2) elsewhere.
[10] In order to relate the pe ratio to ecosystem size structure, we developed a second compilation using the 39 out of the 122 sites for which such data were available. The recorded parameters included mixed layer temperature, depth-integrated chlorophyll, depth-integrated productivity, euphotic zone depth (1% light level or sampling zone, if less), carbon-to-chlorophyll ratio in phytoplankton, and ecosystem size structure based on a distinction between small (pico-and nano-) and large (micro-) phytoplankton (auxiliary material data set text02). For this last parameter, we used a combination of data on the fraction of production by large (nominally >5 mm) phytoplankton, the fraction of phytoplankton biomass in large (nominally >5 mm) phytoplankton, and the fraction of grazing on large phytoplankton from mesozooplankton and macrozooplankton where grazing on small phytoplankton was obtained from microzooplankton grazing rates.
Results of Empirical Analysis

Preliminary Statistical Analysis
[11] We first analyzed the particle export data compilation statistically to (1) assess the most significant environmental correlates for particle export and the pe ratio, (2) develop a simple empirical algorithm for particle export through the pe ratio, and (3) establish a benchmark for assessing the goodness-of-fit for mechanistic models. Our simple parametric linear least squares approach relies on the assumption that the first moment (mean) and the second moment (standard deviation) approximate the underlying variability in the data set. In order for this to be true, the data distribution must have a minimal third moment (skew).
Where a variable distribution's skewness value was many times higher than the Gaussian value (i.e., a few extremely high values controlled the statistical result when a parametric method was applied [Press et al., 1992] ), we performed log transformations on the variables before performing statistical tests. For pe-ratio estimates, we performed the logit transformation [logit(x) = ln(x/(1 À x))] [Sokal and Rohlf, 1995] , which is particularly useful for variables that vary between zero and one and have distributions skewed to the right.
[12] A direct link between primary production and particle export was confirmed in our data compilation, as primary production correlated well with particle export, accounting for 69% of the overall variance (after log transformation of both variables). Furthermore, the slope of the log-log regression from model I (linear least squares with one independent variable) was 1.32, higher than the value of 1.0, suggesting that the primary production data provide additional information on particle export beyond the simple linear dependence (i.e., beyond a constant pe ratio). Highly significant (P < 0.01) correlations were found between the pe ratio and temperature (negative; Figure 2a) , log of the chlorophyll concentration (positive; Figure 2b ), Figure 1 . Global map of particle export ratio estimates from the synthesis developed here (auxiliarylog of volumetric primary productivity (positive; Figure 2c ) and euphotic zone depth (negative; Figure 2d ).
[13] In order to assess the sensitivity of our analysis to our choice of pe-ratio versus f-ratio definitions, we went through an exercise of converting the auxiliary material data set text01 to estimates of f ratio by adding an organic carbon transport fraction to the sinking-based estimates in the same way that the organic carbon transport fraction was (1)). Symbols are grouped by temperature into less than 14°C (crosses) and greater than 14°C (dots).
subtracted from the nutrient uptake-based and total export based estimates in the pe-ratio analysis. The resultant similarity in variance (95% based on logit-transformed, squared correlation coefficients) demonstrates the robustness of the analysis with respect to the choice of pe ratio or f ratio as master variable.
Empirical Models of Particle Export
[14] We establish two empirical, statistical equations for the pe ratio using linear, least squares multiple regression with stepwise addition [Sokal and Rohlf, 1995] . One equation is given in terms of temperature and productivity per unit volume (equation (1a)), and the other in terms of temperature and chlorophyll concentration (equation (1b) . The full range of observed pe ratios (0.04 -0.72) is provided as lower and upper bounds, in equations (1a) and (1b). We find it particularly interesting that neither regression was significantly improved by the addition of a third term, demonstrating that most of the remaining variance was uncorrelated to the variables included in our data sets.
[15] Comparisons of a variety of empirical parameterizations with the data synthesis are shown in Figure 2 . The earliest of these parameterizations, from Eppley and Peterson [1979] (Figure 2a ), does the least well, accounting for only a small amount (9%) of the variance in the data compilation and having a high relative uncertainty (63%). We attribute this poor fidelity to this parameterization's reliance on the integral of primary production while neglecting temperature and euphotic zone depth. A subsequent parameterization [Betzer et al., 1984] (Figure 2b ) that includes both the integral of primary production and euphotic zone depth accounts for a much higher fraction of the variance (38%). However, the relative uncertainty (64%) was not improved. A decade later, Baines et al. [1994] (Figure 2c ) utilized chlorophyll concentration as a predictive variable. Their parameterization is able account for slightly higher variance (40%) while also decreasing the relative uncertainty (46%). However, this parameterization demonstrates strong bias to low values at higher pe ratios. The Laws et al. [2000] (Figure 2d ) parameterization, including a sophisticated mechanistic formulation, also succeeds in reproducing the large-scale structure in the data, accounting for nearly half of the variance (47%) and decreasing the relative error (43%). The major shortcoming of the Laws et al. [2000] algorithm is its failure to reproduce variability in the pe ratio at high temperatures (dots in Figure 2b ). We suggest that this is due to the Laws et al.
[2000] choice of weaker temperature dependence for phytoplankton and bacterial metabolism ($e 0.0633 T ) than for zooplankton metabolism ($e 0.1000 T ), leading to relatively higher efficiency of zooplankton recycling at higher temperatures, such that phytoplankton biomass is maintained at low levels. While the Laws et al. [2000] algorithm was originally cast in terms of f ratios, here we apply it to pe ratios. In order to assess the sensitivity of our analysis to this basis choice, we also compared the Laws et al. [2000] model to our f-ratio estimates. The Laws et al. [2000] model was found to reproduce slightly less variance (42%) when the data synthesis was recast in terms of f ratios rather than pe ratios.
[16] The empirical temperature and productivity regression algorithm developed here (equation (1a) and Figure 2e ) fits the data compilation relatively well, reproducing 58% of the variance with a decreased relative uncertainty (33%), but fails to reproduce the areas of highest pe ratio, sites with very high pe ratio and low to moderate primary productivity. Importantly, this problem is ameliorated when biomass instead of productivity is used in the algorithm (equation (1b) and Figure 2f ). This formulation also manages to reproduce 61% of the variance and have a relatively low relative error (35%). We suggest that the improvement in reproducing high pe ratios at low temperature using chlorophyll rather that primary production is because biomass integrates ecosystem processes over time to a greater extent than primary production.
[17] A more extensive comparison of empirical parameterizations with the data synthesis is shown in Table 1 in terms of the squared correlation coefficient of each parameterization for particle export and pe ratio, the ratio of logittransformed pe ratio variances in each model to the data synthesis variance, and the median relative error calculated for each model. The depth dependent parameterization of Suess [1980] was found to correlate well with the data, but to severely underestimate the overall variance. The NO 3 -based parameterization of Platt and Harrison [1985] was found to have the opposite problem of strongly overestimating the variance. While the primary production-based parameterization of Wassman [1990] and the chlorophyllbased parameterization of Baines et al. [1994] both underestimate the variance, they significantly improved upon the relative error, bringing it down to 48% and 46%, respectively. Oddly, the biomass-based parameterization of Legendre [1998] was able to reproduce the variance of the pe ratio without correlating with the data.
[18] As the uncertainty in any single estimate of the pe ratio is generally no better than 25%, we propose the empirical algorithm (equation (1b)) as a valuable tool for future studies seeking to estimate particle export fluxes using remote sensing. These results suggest that the pe ratio can be described with high accuracy using parameters (temperature and chlorophyll) observable by satellite.
Intrasite Variability
[19] While the focus of this study is to obtain a global perspective, we also assessed the applicability of the empirical algorithm locally. This is a much more stringent test of the algorithm for a variety of reasons: the smaller data sets involved, small dynamic range (variability/uncertainty) and higher uncertainty in the data (due to lack of averaging). This individual site analysis was performed on the six studies for which over 20 data points were available. The resulting correlation coefficients are shown in Table 2 . In all six studies, primary production was positively correlated with both biomass and particle export with five of the correlations significant at the 1% level. The correlation between primary production and the pe ratio, however, was negative in five of the six cases, two of which were statistically significant. In general, this result contradicts the large-scale trend seen in the regressions.
[20] A more careful examination of the site analysis shows that our algorithms fail to capture variability primarily at sites where that variability is very low. The standard deviation of the pe ratio at HOT (0.03), BATS (0.04), Line P (0.04) and EqPac (0.05) is small in comparison to the standard deviation across sites (0.18). It is notable that at the Scotland site, where the pe-ratio variability is largest, there is a significant correlation with our algorithms. This suggests that the algorithms are capable of representing large changes in pe ratio (across or within sites), but not small differences in pe ratio at a single site. In the context of the model of phytoplankton size-structure presented below, this kind of behavior can be expected to be seen when growth rates of small and large phytoplankton vary in a way that is completely decoupled. At nutrient-poor sites such at HOT and BATS, where multiple nutrients may be limiting, such decoupling may be more likely than at sites where there is a strong spring bloom. While the algorithms provide a large-scale estimate of the pe ratio, they do not adequately represent the fine-scale variability of the pe ratio at any particular site, particularly the variability on short temporal and spatial scales (which are smoothed out by the ecosystem when translated to particle export variability) and variability in phytoplankton growth rates (which vary the relationship between biomass, primary production and nutrient utilization).
[21] To put the intrasite variability into an intersite perspective, we also present the standard deviation of pe-ratio values for each site in Table 2 . In all cases except for Scotland (s pe-ratio = 0.20), the intrasite standard deviations were much smaller (s pe-ratio = 0.03 -0.11) than the standard deviation of pe ratio across sites for the data synthesis as a whole (s pe-ratio = 0.18; see auxiliary material). While these results demonstrate the limitations of this approach in the lack of sensitivity of the pe-ratio algorithms to small-scale Primary production, Prod; particle export ratio, pe Ratio; the pe ratio determined via production, pe Ratio P (equation (1a)); pe ratio determined via biomass, pe Ratio B (equation (1b) Tremblay et al. [1997] demonstrated empirically that much of the variability in the f ratio could be described through variability in ecosystem size structure using a 5-mm distinction between small and large phytoplankton. Recent work by Agawin et al. [2000] demonstrated a tight relationship between size structure and concentration wherein large phytoplankton (>2 mm in their study) became an increasing fraction of the biomass as it increased. We interpret this sized-based relationship as resulting from differential grazing of small and large phytoplankton; as primary production and grazing increase, individual biomass in one size class saturates and larger classes of phytoplankton are added to the ecosystem (see Armstrong [1999 Armstrong [ , 2003 for details). The basic assumption is that zooplankton grazing pressure can be expressed implicitly as a function of phytoplankton concentration such that it is able to keep pace with small phytoplankton production while not keeping pace with large phytoplankton production. Specifically, we propose a model with two size classes of phytoplankton, small (S) and large (L), governed by the following equations:
In equations (2a) and (2b), G is the physical transport and time rate of change operator, m 0S and m 0L are growth rate constants dependent on nutrients and light which we assume to be equal (m 0S = m 0L = m 0 ; d
À1
), k is the temperature dependence of growth and loss from Eppley [1972] (k = 0.063°C À1 ), and l 0S and l 0L are the rate constants of loss, implicitly including the combined effects of grazing, photorespiration, cell death and cell sinking. As with the growth rate constants, we assume the grazing rate constants are equal for small and large plankton (l 0S = l 0L = l 0 ; d
). P* is defined as the pivotal concentration at which S is equal to L (P* = S = L; mmol C m
À3
). Here a is a scale parameter for the effect of grazing (and other loss terms) on large phytoplankton, and can be thought of conceptually as the degree to which the zooplankton community is unable to adjust to changes in the concentration of large phytoplankton. Assuming that the ecosystem adjusts instantaneously to any changes in forcing and ignoring all physical transport and temporal terms (G = 0), the relationship between the concentration of large and small phytoplankton (equations (2a) and (2b)) becomes
and the relationship between primary production (Prod tot ) as a function of biomass and temperature becomes
Three specific choices for the value of a allow for simple analytical solution of size partitioning as a function of biomass or production. These are values of
Equations (5a) and (5c) can be solved using a cubic equation solver [Press et al., 1992] while equation (5b) can be solved using the binomial theorem. Because the two constants l 0 and P* only enter into this equation via their product, we can combine them into a single constant, Prod*, to describe the relationship between primary production and particle export in this model.
Mechanistically, Prod* corresponds to the productivity normalized to T = 0°C at which productivity by S equals productivity by L. Taking the example case of a = 1/3 (which is found below to provide the superior solution) and solving equation (5b) for (S/P*) 2 using the binomial theorem gives
Equation (7) thus gives us a means of estimating the size composition of the phytoplankton community from primary productivity (Prod tot ) and temperature. The fraction of production by large phytoplankton (f L ) and total phytoplankton biomass (P) can then be related to (S/P*) via equations (5b) and (3),
[23] The power of this method of manipulation of the ecological model is that we have reduced the mechanistic formulation of size structure to two parameters, the rate constant for phytoplankton loss at 0°C (l 0 ) and the pivotal concentration at which S is equal to L (P*), that must be fit GB4026 DUNNE ET AL.: MODELING THE PARTICLE EXPORT RATIO from data. We use these results in developing a model of the link between primary production and particle export.
Modeling the Impact of Size Structure of the pe Ratio
[24] Given the above model for phytoplankton size structure, we now develop a model to convert that size-resolved primary production into sinking detritus. In addition to the equations above, we require additional equations for detritus (Det), opal (SiO 2 ) and calcium carbonate (CaCO 3 ), 
[25] Detritus is produced from small and large phytoplankton loss in separate proportions referenced to 0°C (f detS0 and f detL0 , respectively) with a temperature dependence specified by k rem . Here l Det is the decay coefficient of detritus and w is the sinking velocity (w = 100 m d
À1
; consistent with the compilation of Alldredge and Silver [1988] ). Remineralization of detritus is allowed to occur only above a value protected by mineral SiO 2 and CaCO 3 [Armstrong et al., 2002; Klaas and Archer, 2002] with separate ratios of protection of organic material by detritus by opal (r PSi = 0.026 g Organic matter/g SiO 2 ) and calcium carbonate (r PCa = 0.070 g Organic matter/g CaCO 3 ) based on the mass fraction analysis of Klaas and Archer [2002] , assuming mw SiO2 = 60 and mw CaCO3 = 100. Here r D is a conversion factor between organic mass and nitrogen (164.1 g organic matter/mol N) based on the work of Anderson and Sarmiento [1994] .
[26] For the ecosystem model calibration using the pe ratio data compilation (auxiliary material data set text01), observationally based mineral production estimates were not widely available. We assume that silicon and calcium carbonate production is primarily through diatoms and coccolithophorids, which we classify as ''large'' and make the same steady state assumption as we already have made for the nitrogen cycle. Furthermore, since we are only concerned with the net production of opal and calcium carbonate, we set their dissolution rates to zero within the euphotic zone. Here r LSi and r LCa are conversion factors for mineral production by large phytoplankton in grams of mineral per grams of organic material. Values of r LSi = 0.23 and r LCa = 0.23 were estimated on the basis of the global average ratio of mineral production to primary production, assuming a global SiO 2 production of 7. such that the mineral production becomes directly proportional to large phytoplankton production. Substituting the above mineral measured production term into equation (10) gives the following equation for detritus for a well-mixed euphotic zone:
We can define the fraction of production that produces detritus protected by mineral r B = r D (r PSi r LSi + r PCa r LCa ) and the vertically integrated remineralization coefficient (R = Z eu l Det /w). Since the detritus sinking flux at the base of the euphotic zone is given by wDet/Z eu , the particle export ratio can then be derived from equation (12) as
The power of this method is that once we have partitioned production into large and small phytoplankton fractions, we have reduced the mechanistic formulation of the pe ratio to four parameters to be fit from the data: the remineralization coefficient k rem , the detritus production fractions for small and large phytoplankton f detS0 , f detL0 and the detritus remineralization rate l Det
Results of Ecosystem-Based Analysis
Parameter Estimation for Size Structure
[27] We first consider the estimation of parameters relating to the partitioning of the phytoplankton community into ''small'' and ''large'' components, obtaining estimates for Prod* and a using the data compilation in auxiliary material data set text02. The value of Prod* was determined by varying Prod* and computing f L from primary productivity and temperature observations using equations (7) and (8) so as to minimize the difference between the observed and computed f L . The data set was resampled 10,000 times with replacement in order to obtain the most likely Prod* value (the median) and the 95% confidence intervals. This resulted in a value for Prod* of 0.37 ± 0.10 mmol C m À3 d
À1
, with the fit (5c)) fit the data reasonably well but prove to be numerically unstable during forward integration of the L equation (equation (2b) ; see May [1973] for details). Because the data does not strongly constrain the value of a below values of 1/3, the choice of a = 1/3 is somewhat arbitrary from the standpoint of data validation. We chose this particular value primarily because it gives a simple, analytical solution for the phytoplankton size composition as a function of primary production while maximizing the numerical stability of the large phytoplankton equation, important for future implementation of the full ecosystem model.
[28] The pivotal concentration of small and large phytoplankton at which the two are equal, P*, was obtained iteratively. Observed estimates of biomass were obtained from the chlorophyll inventory and carbon to chlorophyll ratio in auxiliary material data set text01. Model estimates of total phytoplankton biomass were obtained as a function of production and temperature using equations (7) and (9). The optimal value of P* was found by minimizing the absolute value of log(model-data) biomass differences. The model-data fit yielded a value of P* of 1.9 ± 0.3 mmol C m À3 . Assuming a characteristic C:Chl value of 50 g/g [Fasham et al., 1990] , this value of P* correspond to a typical pivotal chlorophyll concentration of 0.5 mg Chl m
À3
. Substituting this into equation (6) using our optimal value of Prod* gives l 0 = 0.19 ± 0.06 d À1 . These parameters (P* and l 0 ) are required for implementation of the fully prognostic ecosystem model in which phytoplankton growth is explicit.
[29] Large-scale consistency of this model with observations of phytoplankton size composition as a function of biomass is evident over the observed range, as shown in Figure 3 . At low phytoplankton chlorophyll concentrations, both our data compilation and model-derived estimates diverge from the Agawin et al. [2000] data compilation, which has a higher percentage of ''large'' phytoplankton. This difference is consistent with the difference in size partitioning in the two studies, as Agawin et al. [2000] included the nanoplankton (nominally 2 -5 mm) in the ''large'' size class with the microplankton (nominally > 5 mm), while we include them in the ''small'' size class with the picoplankton (nominally <2 mm). Additionally, the comparison with the work of Agawin et al. [2000] suggests that at low phytoplankton concentrations, the fraction of phytoplankton in the nanoplankton (nominally 2 -5 mm) range is approximately 30%. For reference, all constants, their definitions, values and sources are given in Table 3 .
[30] We also include in Figure 3 a comparison of our model with that of Denman and Peña [2002] , who propose a simple equation of f S = P S /(k S+ P). While their derived values of P S and k S (dashed line) for the northeast subarctic Pacific Ocean, gave significant biases in phytoplankton size composition at low (where the dashed line is too high) and intermediate (where the dashed line is too low), we were able to ameliorate these deficiencies retuning the values of P S and k S to fit this much more extensive data set. Our model is able to reduce the system to four parameters (P*, l 0 , k and a) which capture not only the dependence of size structure on temperature and production but also of biomass on temperature and production. We find this result extremely encouraging as it demonstrates that characterization of the primary modes of observed variability does not require a model with many free parameters so long as the model structure is sound. While a similar statement could be made regarding the retuned version of the Denman and Peña [2002] algorithm which utilizes only two parameters, we believe that our model presents an improvement in providing the mechanistic underpinning to the observed size relationship: differences in the loss functionalities of small and large phytoplankton. This mechanistic representation is a critical step toward implementation of the ecosystem model in global general circulation models.
Parameter Estimation for pe Ratio
[31] We estimate l Det , k rem , f DetS0 and f DetL0 using an iterative approach to fit equation (13) to both the observations of pe ratio in auxiliary material data set text02 and a regeneration depth scale. The target regeneration depth scale was calibrated against the ''Martin Curve'' (F(Z) = F Zref .
(Z/ Z ref )
Àb ) as used in the OCMIP II simulations (Z ref = 75 m and b = 0.9 [Najjar and Orr, 1998 ]), such that 37% (1/e) of the flux leaving the euphotic zone arrives at 228 m. In the absence of a mineral effect, l Det would simply be equal to the regeneration depth scale divided by the sinking velocity (w). The inclusion of mineral in the equation, however, implies that the regeneration depth scale for organic matter is a function of the mineral fraction as well as l Det ,. We optimized the data fit by iteratively varying l Det to fit the depth scale of remineralization and then optimizing k rem , f DetS0 and f DetL0 so as to reproduce the observed pe ratios. For a given value of l Det , values of k rem , f DetS0 and f DetL0 were obtained by optimizing a maximum likelihood statistic [Edwards, 1992; Hilborn and Mangel, 1997] based on the logit of the pe ratio [logit(x) = ln(x/(1 À x))] through the simulated annealing algorithm [Metropolis et al., 1953; Press et al., 1992] after Armstrong et al. [2002] . The l Det was then recalculated so that the median value of the regeneration depth scale calculated for the 122 individual sites in the data synthesis matched the target value of 228 m. This resulted in optimal values of l Det , k rem , f DetS0 and f DetL0 of 0.4 d À1 ,À0.032, 0.14 and 0.74, respectively. These values of k rem , f DetS0 and f DetL0 reflect the low export efficiency of the small phytoplankton export pathway at high temperature and high export efficiency of the large phytoplankton export pathway at low temperature.
Sensitivity of the pe Ratio to Size Structure and Temperature
[32] Equations (7), (8), and (9) provide us with two separate means of estimating f L from data: one by using temperature and primary production in equation (7) and substituting into equation (8), and the second by utilizing biomass data directly. Biomass data can be used by solving equation (9) for S/P* using a cubic equation solver [Press et al., 1992] and using that value in equation (8). These two formulations of f L can then be substituted into equation (13) to obtain the pe ratio in two different ways, one based on primary production and the other on biomass, paralleling the two empirical formulations given in equations (1a) and (1b). In Figure 4 , we present four different comparisons between our ecosystem model predictions of the pe ratio and the data compilation in auxiliary material data set text01. Results of the parameter fit assuming no temperature dependence in detritus production (k rem = 0.0 in equation (13)) are shown for estimates of f L from primary production and temperature (Figure 4a ) and biomass (Figure 4b ). While the estimate of f L from primary production and temperature is able to account for a much higher percentage of the variance (55% compared to 42%), it severely underestimates the pe ratio at high data values. This result is similar to what was observed in the empirical Alldredge and Silver [1988] f detS0
fraction of large grazing going to detritus referenced to T = 0°C 0.14 none fit using auxiliary material data set text01
fraction of large grazing going to detritus referenced to T = 0°C 0.74 none fit using auxiliary material data set text01 r D organic conversion factor 12*1.87*117/16 g organic/mol N Anderson and Sarmiento [1994] regression study (Figure 2 ). Over the seasonal evolution of the spring bloom biomass integrates ecosystem processes over time to a greater extent than primary production. This temporal evolution may explain both the bias in the primary production-based models and higher scatter in the biomassbased models as ecosystems can maintain high biomass after primary productivity has diminished while high biomass is required for high productivity. Incorporating a temperature dependency resulted in a moderate improvement in the primary production-based estimate ( Figure 4c ) and a vast improvement the biomass-based estimate (Figure 4d ). Because of its relative sensitivity and lack of dependence on assumptions for the temperature effect of primary production (k), we consider the biomass-based estimate a much more robust estimate of the temperature dependency on detritus production (k rem ). Furthermore, the biomass and temperature based estimate was able to reproduce the highest overall percentage of the variance (61%). A summary comparison of squared regression coefficients for particle export and the pe ratio for the mechanistic model configurations is included in Table 1 .
Discussion
[33] The ecosystem model described above is able to reproduce observed variability in ecosystem size structure (Figure 3 ) and the pe ratio (Figure 4) while retaining a high degree of mathematical simplicity facilitating broad calibration by field observations. It provides a simple mechanistic explanation for both of the empirical size-structure relationships previously observed by Tremblay et al. [1997] and Agawin et al. [2000] . The detritus regeneration mechanism used in this study, first-order regeneration of unprotected detritus and no remineralization of protected detritus, has the advantage of being mechanistically applicable to both the ocean surface and its interior. This frees us from having to invoke an additional interior remineralization algorithm (e.g., the empirical power law of Martin et al. [1987] ) or (5) and (8)) with those from the synthesis in auxiliary material data set text01. (a) The ecosystem model fit to Prod* (productivity at 0°C; equation (6)) without including a temperature effect on the partitioning to detritus (k rem = 0.0) and the ecosystem model fit to Prod* estimates (productivity at 0 C; equation (6) include multiple detritus components in order to have a portion of detritus remineralization occurring at great depths.
Sensitivity of pe Ratio to Recycling Formulation
[34] While consistent with the theory of plankton community succession [e.g., Armstrong, 1999 Armstrong, , 2003 ], this powerful yet simple approach comes at the cost of a fixed power law to represent the ratio of phytoplankton loss processes (equations (2a) and (2b)). Furthermore, analytical solution of the simple power relation between large and small phytoplankton requires that each have only a single loss term. This prohibits the incorporation of an explicit separation between grazing, mortality, aggregation and other terms in the functionality of phytoplankton loss. The detritus formulation, however, does not fall under this constraint. This flexibility afforded us the opportunity to test the impact of different functionalities of detritus formulation on particle export. One sensitivity test involved the incorporation of an extra term for large phytoplankton concentration in the detritus production formulation to simulate aggregation as a necessary step in detritus formation (i.e., f detL0 becomes a function of L). This and other altered configurations had a negligible effect on the model fit, improving our confidence in the model. Indeed, the estimated fraction of detritus protected from remineralization is quite small within the euphotic zone, ranging from 4 to 8%, making euphotic zone model calibration insensitive to this component.
[35] When the mechanistic model is applied using biomass as an input, the temperature input has only one role: limiting detritus production through the e kremT term in equation (10a) When the mechanistic model is applied using primary production as an input, however, temperature has two additional roles: modulating both phytoplankton growth and loss through the e kT term in equations (2a) and (2b). Applying the mechanistic model with biomass as an input thus allows us to study the first term (effect of temperature on detritus production) in isolation. We were very encouraged that both methods resulted in the same value of the coefficient for this temperature effect (k rem ). It is unclear, however, why detritus production should depend on temperature. Possible explanations include such direct mechanisms as (1) differing temperature coefficients for phytoplankton growth and zooplankton grazing [e.g., Laws et al., 2000] , (2) variability in the temperature coefficients for growth within the phytoplankton species assemblage [e.g., Longhurst, 1991] , (3) variability in the temperature coefficients for grazing within the zooplankton species assemblage [e.g., Longhurst, 1991] , (4) temperature dependence in particle stickiness , (5) temperature dependence in transparent exopolymer production rates , and (6) temperature dependence in transparent exopolymer destruction rates through variability in bacterial growth rates [Smith et al., 1992] . Potential indirect mechanisms also exist, including (1) the relationship between water column stability and temperature leading to variable light limitation [Sverdrup, 1953; Legendre and Rassoulzadegan, 1996] , and (2) temporal variability in light limitation toward the poles and subsequent decoupling between growth and grazing [Evans and Parslow, 1985; Legendre and Rassoulzadegan, 1996] . Unfortunately, we cannot distinguish between these competing potential mechanisms at this time, though all are deserving of further study.
Limitations of This Approach With Respect to Stable Ecosystems
[36] In the discussion of the empirical algorithms, we demonstrated a general lack of fidelity in reproducing intrasite variability for the few sites for which large sample sizes are available ( Table 2 ). The relative insensitivity of this approach to intrasite variability can be explained in the context of the mechanistic model as resulting from a general lack of ecosystem size structure variability. Modeled ecosystem size structure is indicated by the variable L/P*, shown in average and standard deviation for each site in Table 2 . When this variable is equal to 1.0, the ecosystem is modeled to be composed of equal fractions of large and small phytoplankton. Variability about this value will effect large changes in the modeled pe ratio. With the small values of L/P* at EqPac, HOT and BATS, and to a lesser extent the Arabian Sea, the small size class is always dominant, so the model does not predict large changes in the pe ratio. The broad-scale relationship between pe ratio and phytoplankton size composition is borne out at the Scotland site, however, where the model demonstrated significant skill over a large range of L/P*.
What Controls Variability in Particle Export
From the Surface Ocean?
[37] Analysis of the empirical and mechanistic models developed here allows us to shed new light on the question: What controls variability in particle export from the surface ocean? While the proximate control on particle sinking is the presence of biomass capable of sinking, the ultimate control is the capability to produce biomass. We can thus explore the particle export question by evaluating two alternate hypotheses: control by particle production versus control by particle sinking. The strong correlation between primary production and particle export that accounted for 74% of the variance ( Table 1 ) is suggestive that variability in particle export is dominated by the ability to produce particles through primary production (ultimate control). While such a correlation has been observed many times previously [e.g., Eppley and Peterson, 1979] , its dominance as the leading-order term is an important statistical justification for an interpretation of particle export by normalizing it to primary production (i.e., using pe ratios). Our mechanistic model demonstrates that variability in the pe ratio can be explained in terms of a simple representation of ecosystem size structure that can be predicted as a function of a pivotal biomass concentration dividing ecosystems dominated by small and large phytoplankton, each with vastly different export efficiencies. Because the fraction of phytoplankton with high export efficiencies increases with increasing primary productivity, pe ratio increases with primary productivity. We can separate these effects using the mechanistic model, as primary productivity by small phytoplankton alone (equations (7) and (8)) accounts for only 59% of the variability in particle export. This result implies that the covariance of productivity and phytoplankton size structure explains the rest of the correlation between primary productivity and particle export. As the full mechanistic model accounted for 87% of the variance in particle export, proximate control (through phytoplankton size composition and temperature) accounts for 28% of this. Thus we conclude that particle export variability is regulated by a combination of: ultimate control by particle production (accounting for a majority 59%) and proximate control by the ability to create sinking material through phytoplankton size composition and temperature (accounting for a minority 28%). We are unable to explain 13% of the particle export variability. While much of this unexplained variance may be due to observational uncertainty, some of it is due to other, unresolved controls such as those discussed above with respect to intrasite variability.
Conclusions
[38] We synthesized observations of the particle export ratio to calibrate empirical algorithms of the particle export ratio as a function of biomass (or productivity) and temperature. We also developed a mechanistic, ecosystem-based model of the particle export ratio (pe ratio) which depends on biomass (or productivity) and temperature. In developing a model of phytoplankton size structure, export efficiency and mineral protection of sinking detritus, we thus combine the empirical results of Tremblay et al. [1997] , Agawin et al. [2000] , Armstrong et al. [2002] and Klaas and Archer [2002] into an internally consistent, mechanistic framework. The model is driven by the differing loss terms and export efficiencies of large phytoplankton (where loss is proportional to the four-thirds power of biomass and efficiently exported) and small phytoplankton (where loss is proportional to the second power of biomass and inefficiently exported). We demonstrate that both the empirical regression and the simple ecosystem size-based model reproduce the observed variability in pe ratios. The mechanistic model achieves this skill through the separation of the temporally stable microbial loop involving small phytoplankton, which are efficiently recycled and vary little in biomass, from the relative boom-and-bust ecology involving larger, mineralforming phytoplankton that provide sinking material, are not recycled efficiently, and vary considerably in biomass.
In addition, we demonstrate a small but robust temperature effect on the efficiency of detritus production.
[39] In its ability to represent a high degree of pe-ratio variability with a minimum number of free parameters, the biological scheme that we have developed here is a powerful alternative to complex ecosystem models. The simple sizebased formulation of phytoplankton loss in equations (2a) and (2b) proves to be a powerful means of describing phytoplankton community composition (Figure 3) while the temperature and size dependent detritus production formulation (equations (10a) -(10c)) is able to transfer this information into a successful description of pe-ratio variability (equation (13) and Figure 4 ). The formulation of mineral protection of detritus (equations (10a) -(10c)) allows us to apply this model to the full water column, rather than just the surface. Combined, these three ecosystem formulations provide us with a powerful new tool for understanding global biogeochemical cycles that is simple and testable.
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